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Biocapacity optimization in 
regional planning
Jianjun Guo1,2,*, Dongxia Yue1,2,*, Kai Li1 & Cang Hui3,4
Ecological overshoot has been accelerating across the globe. Optimizing biocapacity has become a key 
to resolve the overshoot of ecological demand in regional sustainable development. However, most 
literature has focused on reducing ecological footprint but ignores the potential of spatial optimization 
of biocapacity through regional planning of land use. Here we develop a spatial probability model and 
present four scenarios for optimizing biocapacity of a river basin in Northwest China. The potential of 
enhanced biocapacity and its effects on ecological overshoot and water consumption in the region were 
explored. Two scenarios with no restrictions on croplands and water use reduced the overshoot by 29 
to 53%, and another two scenarios which do not allow croplands and water use to increase worsened 
the overshoot by 11 to 15%. More spatially flexible transition rules of land use led to higher magnitude 
of change after optimization. However, biocapacity optimization required a large amount of additional 
water resources, casting considerable pressure on the already water-scarce socio-ecological system. Our 
results highlight the potential for policy makers to manage/optimize regional land use which addresses 
ecological overshoot. Investigation on the feasibility of such spatial optimization complies with the 
forward-looking policies for sustainable development and deserves further attention.
Great efforts are needed to position the goal of sustainable development at the forefront of public attention1. 
Within the framework of sustainable development, biocapacity (BC) serves as the base for social, economic and 
human wellbeing2–4, which further determines the limit of human activities5, making the estimation of carrying 
capacity essential to regional planning. Many quantitative methods have been proposed for estimating biocapacity 
(for instance, NPP6, ecological footprint (EF)7, emergy8), in which the methodology of ecological footprint is of 
particular interest and translates the regional human demands for natural resources into the total area of differ-
ent biological productive land necessary for material flow, with ecological footprint considered the demand on 
ecological capacity. By comparing ecological footprint with the biocapacity, policy makers can then assess the 
regional ecological budget, being either in surplus or an overshoot position9. To date, the methodology of ecolog-
ical footprint has been applied to sustainable management and efficient exploitation of natural resources10–22. For 
instance, the biennial Living Planet Report, prepared through the cooperation of World Wildlife Fund, Zoological 
Society of London and Global Footprint Network, has become the magnum opus for illustrating the concept of 
ecological footprint and biocapacity23–25, highlighting many countries and regions across the globe being eco-
logically deficient. Here, we bring a deeper understanding on the management of ecological overshoot based on 
optimizing biocapacity.
Following its original definition by Rees and Wackernagel26, biocapacity can be defined as the amount of pro-
ductive land and water annually available to produce resources and absorb wastes under the current management 
practice (Global Footprint Network, 2009). To calculate the biocapacity of a region, we first need to estimate three 
factors; that is, the available area of biologically productive land and water, yield factor, and equivalence factor 
(details of the equation see Bastianoni et al. and Yue et al.)18,27. After the conversion using the yield factor and 
equivalence factor, one can calculate the biocapacity with the unit of global hectare (gha). A number of meth-
ods have been proposed to improve the accuracy of estimated biocapacity. For instance, Haberl et al. calculated 
the biocapacity of Austria based on local yield for domestic extraction and global yield for imported biomass28. 
Senbel et al. explored the biocapacity and ecological budget of North America under several scenarios of con-
sumption, ecological productivity and material-flow efficiency11. Zhao et al. translated energy into biological 
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productive units and made it possible to assess resource use in ecosystems29. Venetoulis and Talberth changed 
the basis of equivalence factor to net primary productivity (NPP) to estimate carbon sequestration biocapacity16. 
Based on the emergy theory, Siche et al. incorporated low productivity lands into the calculation of biocapacity30. 
Yue et al. further demonstrated the scale effect of biocapacity, casting doubts on many regional and global studies 
which often rely on coarse-scale datasets27.
Human activities and regional planning (or policies) exert influence on many components of embedded eco-
systems that provide us with essential products and services31. It is therefore necessary to formulate or modify the 
regional planning and policies for better environmental and resource management to ensure a sustainable way 
of harvesting ecosystem service10,13,32,33. However, the methodology of ecological footprint ignores policies and 
management actions, thus providing little knowledge to guiding the potential dynamics of ecological footprint 
and biocapacity, which influence the level of ecological overshoot22,32,34,35. The 3S technologies, including remote 
sensing, geographic information system and global positioning system, have come to the aid for spatially explicit 
assessment of biocapacity. Since Chang and Xiong and Yue et al. incorporated the 3S technologies into the EF 
methodology13,36, spatial analyses of ecological footprint and biocapacity have been increasingly emphasized in 
the literature27,37. However, little has been done for biocapacity optimization in a spatially explicit fashion, which 
could pave the way for alternative strategies for sustainable management. In addition, scenario building is a useful 
planning tool for constructing different models or policy measures for likely future events38,39, and are used for 
stakeholders to deepen their understanding of the future consequences associated with today’s human activities 
and decisions, against a range of possible outcomes24,40.
To this end, we provide a framework for spatially-explicit optimization of biocapacity under four scenarios 
and two spatial neighborhood structures. For demonstration, we choose one typical river basin in Northwest 
China (the Shiyang River Basin, SRB) and develop the optimal planning for regional biocapacity. With the help 
from numerical simulations in geographic information systems, we seek to develop a deeper understanding of 
biocapacity: the sensitivity of biocapacity optimization to the scenarios and neighborhood conditions, and its 
policy relevance to regional planning, especially water resource management. Answers to these questions enable 
us to identify the prospect of regional sustainable development and assist local government with viable manage-
ment actions.
Results
Maximal biocapacity (MB) scenario. We illustrate the dynamics of different land use categories under 
two neighborhood conditions during the procedure of optimization in Supplementary Fig. S1, with details as 
insets in the figure. We calculated the transition matrix for two neighborhood conditions based on cell status pre- 
and post-optimization (Table 1). Evidently, maximization of biocapacity requires the transformation of barren 
lands into croplands, boosting up the biocapacity by nearly 3.6 × 105 gha for the von Neumann neighborhood and 
3.9 × 105 gha for the Moore neighborhood. About 20% grazing lands need to be converted to forest lands, with a 
small percentage of grazing lands to croplands; the transition of grazing lands contributed an extra 2 × 105 gha. 
Merely 1% forests were transformed into croplands, adding only 2.5 × 104 gha to the regional biocapacity. No 
croplands were transformed into other land use types. Overall, the transformation of barren lands and grazing 
lands contributed the most of biocapacity increment, a rise of 13–14% biocapacity from the current stand in SRB. 
Moreover, larger neighborhood (Moore) brought more dramatic changes in biocapacity, regardless increasing or 
reducing, than smaller neighborhood (von Neumann).
Optimal biocapacity (OB) scenario. The dynamics of different land use changes in the OB scenario under 
two neighborhood conditions are illustrated in Supplementary Fig. S2. Due to the less restriction for the cell sta-
tus transition, the OB scenario showed wider fluctuations than the previous scenario during the simulation. The 
calculated transition matrices in Table 2 suggest that, again, barren lands need to be transformed into croplands 
so to boost up the biocapacity by 3.5–3.8 × 105 gha. About 20% grazing lands were transformed into forests and 
croplands, increasing biocapacity by 2 × 105 gha. Less than 10% forests were converted to grazing lands, 1% to 
croplands, together reducing biocapacity by a small amount of 0.5–1.1 × 104 gha. Some croplands were converted 
Pre-\Post-opt Barren land Grazing land Forest Land Cropland Change of BC(gha)
Z = 4
 Barren land 95.98 1.07 0.46 2.49 355009
 Grazing land 0.00 76.89 18.22 4.89 216109
 Forest Land 0.00 0.00 98.80 1.20 24538
 Cropland 0.00 0.00 0.00 100 0
 Change ratio − 4.01 − 18.09 22.02 12.75 595656
Z = 8
 Barren land 95.62 1.22 0.44 2.72 387321
 Grazing land 0.00 74.66 19.72 5.62 243017
 Forest Land 0.00 0.00 98.76 1.24 25415
 Cropland 0.00 0.00 0.00 100 0
 Change ratio − 4.38 − 19.64 23.60 14.11 655753
Table 1.  Transformation matrix of four types’ land use according to the MB scenario (%).
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to grazing lands and forests, reducing biocapacity by 1.9–2.0 × 105 gha. Overall, a total of 3.6–3.9 × 105 gha were 
added to the current biocapacity, representing a 7.6–8.3% increment, but lower than the increment from the MB 
scenario. As many cell transitions led to the decline of biocapacity, the overall biocapacity increment from the OB 
scenario was less than those from the MB scenario.
Optimal biocapacity scenario with no cropland increment (OBC scenario). The dynamics of land 
use change under the OBC scenario are illustrated in Supplementary Fig. S3, showing stepwise changes in some 
land use categories. Only 1.6–1.8% barren lands were converted to grazing lands and forests, increasing the bio-
capacity by merely 1.5 × 104 gha (Table 3). Conversion of grazing lands to forests contributed only additional 
6 × 104 gha. By contrast, conversion of forests to grazing lands led to a decline of 3–3.6 × 104 gha. The conversion 
of some croplands to forests and grazing lands led to a decline of biocapacity by 1.9–2.0 × 105 gha, resulting in an 
overall decline of 3.1–3.4% biocapacity compared to the pre-optimization state. Compared to the OB scenario, 
cell transitions in the OBC were more inclined to land use categories with smaller absolute values of biocapacity 
due to the prohibition of cropland increment, resulting in the decline of biocapacity.
Optimal biocapacity scenario with no water resource increment (OBW scenario). The dynamics 
of land use change under the OBW scenario are presented in Supplementary Fig. S4 under two neighborhood 
conditions and illustrated less fluctuation compared to the OB scenario. A tiny portion of barren lands were trans-
formed, slightly boosting up the biocapacity by 4.2–5.2 × 103 gha (Table 4). Similarly, only about 2% grazing lands 
were converted, increasing biocapacity by nearly 104 gha. Conversions of forests to grazing lands and croplands 
resulted in a slight decline of biocapacity by 5–5.6 × 103 gha. More land use conversions happened from croplands 
to grazing lands and forest lands, reducing biocapacity by 1.8–2.0 × 105 gha. Overall, the OBW scenario reduced 
the current biocapacity by 2.0 × 105 gha.
Spatial distribution of BC changes with optimization. In the MB scenario, the vast majority of regions 
with increased biocapacity were the upper and middle reaches of SRB (Fig. 1), while sporadic increases appeared 
in the lower reaches. In the OB scenario, the area with enhanced biocapacity was similar to the area from the 
MB scenario, while the area with reduced biocapacity mainly appeared in the upper reaches of SRB. The area 
with enhanced biocapacity in the OBC scenario shrank to the upper reaches of SRB, while the area with reduced 
Pre-\Post-opt Barren land Grazing land Forest Land Cropland Change of BC(gha)
Z = 4
 Barren land 95.97 1.28 0.26 2.49 351592
 Grazing land 0.00 81.46 13.68 4.86 195098
 Forest Land 0.00 7.68 91.17 1.15 − 5962
 Cropland 0.00 3.20 1.93 94.87 − 185105
 Change ratio − 4.03 − 1.37 11.20 7.58 355623
Z = 8
 Barren land 95.55 1.37 0.38 2.70 384505
 Grazing land 0.00 79.64 14.87 5.49 218000
 Forest Land 0.00 9.02 89.80 1.18 − 10722
 Cropland 0.00 3.50 2.13 94.37 − 203134
 Change ratio − 4.45 − 1.20 12.17 8.29 388649
Table 2.  Transformation matrix of four types’ land use according to the OB scenario (%).
Pre-\Post-opt Barren land Grazing land Forest Land Cropland Change of BC(gha)
Z = 4
 Barren land 98.41 1.25 0.34 0.00 15434
 Grazing land 0.00 86.19 13.81 0.00 60815
 Forest Land 0.00 7.80 92.20 0.00 − 30119
 Cropland 0.00 3.23 1.99 94.78 − 188338
 Change ratio − 1.59 3.37 12.91 − 5.22 − 142208
Z = 8
 Barren land 98.21 1.49 0.30 0.00 15746
 Grazing land 0.00 85.51 14.49 0.00 63786
 Forest Land 0.00 9.43 90.57 0.00 − 36390
 Cropland 0.00 3.35 2.29 94.36 − 202664
 Change ratio − 1.79 5.40 12.34 − 5.64 − 159522
Table 3.  Transformation matrix of four types’ land use according to the OBC scenario (%).
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biocapacity was similar to the area in the OB scenario. In the OBW scenario, the limitation of water supply 
sharply reduced areas that could enhance or reduce biocapacity, which are scattered across the SRB. All four sce-
narios indicated the upper reaches of SRB to be prioritized in the regional planning, while the lower reaches were 
impossible for boosting up biocapacity due to the scarcity of water resource.
Cost of water resource. As different land use categories demand different levels of water resources, all four 
scenarios led to changes in the allocation and demand of water resources (Table 5). The MB scenario requires 
5.16 × 108 m3 water per annual, amounting to a 20.57% increase of the current total water use in the SRB. Water 
resource was required slightly less in the OB scenario, with 5% less than the demand in the MB scenario. The 
OBC scenario with restriction on croplands led to the minimum increase of demand on water resource (Table 5). 
Only the OBW scenario resulted in no changes in water demand. Transition with Moore-neighborhood led to the 
increase of water resource demanded for optimization.
Changes of ecological overshoot. Changes in ecological overshoot were also calculated to assess the 
effectiveness of optimizing regional biocapacity (Table 6). The MB scenario led to a reduction of ecological over-
shoot by 47.87% (von Neumann neighborhood), followed by the OB scenario with a reduction of overshoot 
by 28.58%. The OBC scenario with constraints on croplands led to an increase of overshoot by 11.43% (Z = 4). 
Likewise, the OBW scenario with no further increase in water demand brought an increase of ecological over-
shoot by 13.84%.
Discussion
Given the ongoing increase of ecological overshoot in the closed system of our planet25, the estimation and 
management of human ecological footprint (demand) relative to biocapacity (supply) becomes one of the most 
important issues for sustainable development9,20. The introduction of geographic information system and remote 
sensing paves the way for further development of biocapacity assessment13,27,36,41. In mind with reducing ecolog-
ical overshoot and improving policy efficacy, we here proposed four alternative scenarios for potential boosting 
biocapacity through future land management policy. Given the small number of studies on biocapacity scenario 
analyses, the four scenarios of biocapacity optimization did not represent the full spectrum of socio-ecological 
complexity across the globe9 but only a simple list for the SRB. Different from many studies that quantify 
long-term future dynamics of biocapacity under the mode of ‘Business as Usual’9,39, we integrated the spatial 
probability model with scenarios that allow us to probe feasible biocapacity potential in a spatially explicit man-
ner42. The method we developed here was based on the Cellular Automaton model (neighborhood effects) and 
CLUE-S model (probability distribution of various land uses) that have been used in sustainable development43. 
The developed method for biocapacity optimization can be applied to other regions where ecological overshoot 
can be hampered and the provision of ecosystem service assured.
As a newly developed methodology, the policy relevance of ecological footprint theory remains the subject of 
debate22,32,33,35,44. One of the potential impacts of our method is to inform the range and location of biocapacity 
for sustainable development. Spatially explicit results can have far-reaching policy implications for land use man-
agement on issues such as land invasion, resource allocation and regional planning. Identifying hotspots of bio-
capacity change or optimization can help regional prioritization and planning. Our results clearly identified the 
lower reach of SRB to be little prioritized in all scenarios for biocapacity optimization, suggesting the develop-
ment of land use in the lower reach could have saturated; land-use management should prioritize the upper and 
middle reach of the basin (Fig. 1). The spatially explicit potential could guide other land use policies, e.g. financial 
incentives and subsidies, to encourage changes that enhance biocapacity, and to reduce the likelihood of unex-
pected consequences of land use change43,45.
We need to highlight that not all four scenarios are feasible in the SRB, and the feasibility of each land-use 
change scenario depends on the context of socio-ecological status of the region. For instance, the biocapacity of 
SRB increased 14% under the MB scenario and 8.34% under the OB scenario. Although croplands are critical 
in estimating ecological footprint and boosting biocapacity9,46, massive transition to croplands in the MB and 
Pre-\Post-opt Barren land Grazing land Forest Land Cropland Change of BC(gha)
Z = 4
 Barren land 99.78 0.16 0.04 0.02 4160
 Grazing land 0.00 98.07 1.89 0.04 9376
 Forest Land 0.00 1.45 98.55 0.00 − 5611
 Cropland 0.00 3.32 1.63 95.05 − 180152
 Change ratio − 0.22 4.67 3.51 − 4.87 − 172258
Z = 8
 Barren land 99.76 0.16 0.06 0.02 5211
 Grazing land 0.00 97.90 2.04 0.06 10557
 Forest Land 0.00 1.54 98.42 0.04 − 5065
 Cropland 0.00 3.69 1.79 94.52 − 199469
 Change ratio − 0.24 5.10 3.91 − 5.35 − 188767
Table 4.  Transformation matrix of four types’ land use according to the OBW scenario (%).
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Figure 1. Spatial distribution of increased or decreased biocapacity under four scenarios. ScenarioMB-4 
stand for the MB scenario and Von Neumann neighborhood, the others are similar. Map created using ArcMap 
10.1 (http://desktop.arcgis.com/en/). Scientific Reports remains neutral with regard to contested jurisdictional 
claims in published maps.
www.nature.com/scientificreports/
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OB scenarios could incur serious conflicts on water usage. The demand of water resource in the region could 
experience an increase by 20.57% under the MB scenario and 19.69% under the OB scenario. The SRB has his-
torically been a national commodity grain base area which led to excessive consumption of water resources. 
Given the current water management plan (the Comprehensive Restoration Plan of the Shiyang River Basin 
implemented), it is impossible to foster further cropland expansion unless there are plans for inter-basin water 
transfer. The current planned water transfer project (the West Route of South-to-North Water Transfer Project) 
and less water-demanding crop choices could alleviate the current crisis of water shortage47. By contrast, the OBC 
scenario emphasizes environmental protection through the policy of Grain for Green (converting croplands to 
forests and grazing lands), leading to a slight reduction of biocapacity and 12.82% increase of ecological over-
shoot; however, the successful implementation of OBC scenario also requires a huge additional amount of water 
resources (Table 5). Specifically, the OBW scenario which emphasizes water conservation, brought a reduction 
of biocapacity and 15.17% increase of ecological overshoot, illustrating clearly the scarcity of water and signa-
ling the current unsustainable way of development47. Although failing to boosting biocapacity under last two 
constrained scenarios, the results nonetheless provide sound assessments of the serious ecological overshoot for 
decision-makers. Under the premise that water resource demand cannot be satisfied through planned inter-basin 
water transfer, the biocapacity of the SRB is expected to shrink.
Since the theory was proposed on balancing ecological footprint with biocapacity by Rees and Wackernagel26, 
it has been applied at a variety of spatial scales, from local to global22–25. Among these studies, regional and global 
ecological overshoots are apparent. To this end, the potential of increasing regional biocapacity could help to 
curb the ever enlarging ecological overshoot. Our work highlights the potential for sustainable development 
through enhancing regional biocapacity. The demand of the entire humanity is currently equivalent to the ser-
vice of 1.6 earths, which could reach the supply of 2.9 earths by 205024. It is clear that the regenerative capacity 
of the earth is no longer sufficient to support our ever-increasing demands. Our approach could stimulate pol-
icy decision-making for mitigating ecological overshoot through optimizing biocapacity. Nevertheless, the gap 
between the demand for sustainable future of a region cannot be solely filled by the biocapacity optimization, 
but also on the influx of ecosystem services from other regions9. Indeed, unless the gap between water demand 
and supply can be filled by inter-basin water transfer, biocapacity optimization will have little space to maneuver. 
To this end, the global ecological overshoot needs a major structural change in the society34,48, either through 
drastically reducing current ecological footprint which is unlikely or industrial revolution to enhance/replace 
diminishing ecosystem services in low-valued land use.
Spatial simulation, remote sensing data and scenario analysis are powerful tools to unveil the complexity 
with respect to boosting biocapacity and sustainable development39. Following the estimation model of BC18,27, 
our work provides the first assessment of biocapacity optimization and policy implication in a spatially explicit 
framework. However, our work still has some limitations and deserves further developments. First, we simulated 
the neighborhood effect using the Von Neumann and Moore neighborhood, meaning that the spatial interaction 
of land use only happens locally49,50. Considering the autocorrelation of BC and land use37, there is a need to refine 
the knowledge for much more complex neighborhood effects in the coupling of the biocapacity optimization and 
regional planning. Second, we carried out the spatial optimization with a nominal resolution of 1 km. Studies have 
depicted the scale dependency of the GIS-based calculation of BC27,37, exploring the spatial simulation with finer 
scales (resolution) could help us to identify the scale effect and minimize the uncertainty about the biocapacity 
optimization. Moreover, we did not consider the heterogeneity of water resource demand for each land use, but 
only used the average amount of water used by specific land use. The use of finer resolution water use data is 
needed to refine biocapacity optimization and to better evaluate the true cost of water use change associated with 
land use transition. Third, spatial variables (i.e. environmental and socio-economic variables) have different lev-
els of time-dependency51,52, and thus can give rise to time-dependent probability of land use transition. A more 
robust guideline for biocapacity optimization needs to consider the temporal dimension of land use change.
Biocapacity optimization is not only related to land use change and water resources management, but also 
importantly include many other management problems in regional planning; for instance, the use of financial 
incentives for guiding land use and development behaviors. Financial incentives which can motivate multiple 
stakeholders in land use and management have been well explored in the literature on the effect of alternative 
strategies of financial incentives on biodiversity conservation53, renewable energy54, ecosystem services and land 
Neighborhood MB Scenario OB Scenario OBC Scenario
Z = 4 5.16 4.94 2.07
Z = 8 5.67 5.48 2.51
Table 5.  Water resource demanded in the optimization of BC (Unit: 108 m3). The water resource per square 
kilometers of different land use categories was provided by the yearbook.
Neighborhood MB Scenario OB Scenario OBC Scenario OBW Scenario
Z = 4 − 47.87 − 28.58 11.43 13.84
Z = 8 − 52.70 − 31.23 12.82 15.17
Table 6.  Change ratio of ecological overshoot in different scenarios (%). “−” indicates the decrease.
www.nature.com/scientificreports/
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use55. Local people and local governments in the SRB have been provided with multiple financial incentives and 
support, such as cooperative-rent, farm subsidies, mulch subsidies, natural forest protection project, degraded 
grassland management, to enhance sustainable development. Furthermore, in 2015, The Ecological Protection 
and Construction Planning in Gansu province were enforced with the goal for ensuring sustainable development 
and providing strong financial incentives for specific regions. However, the potential negative effects of com-
petitive financial incentives56 could lead to complicated issues in regulating human behavior and financing for 
biocapacity optimization. The interface between biocapacity optimization and existing financial incentives can 
exert profound influence on land use dynamics and remains an interesting topic that deserves future attention.
Conclusions
Biocapacity serves as the basis for human wellbeing and social-economic development19,27,48; it serves as an 
important threshold for regional sustainable development5,12,25,28. Within the EF framework, a comprehensive 
comparison of regional biocapacity with ecological footprint indicates the degree of sustainability17–19,24,25. A large 
number of studies have drawn conclusions of increasingly serious ecological overshoot in many regions12,13,25 and 
its lack of implementation in policy formulation32,34. It is therefore important to have a comprehensive under-
standing of the considerable potential of biocapacity along regional planning. Our simulation illustrated the 
magnitude of change of the ecological overshoot that can be achieved under different scenarios that represent 
alternative pathways of regional land and water resource management policies, shedding new light on the drivers 
of ecological overshoot. Although we do not provide a robust reference scenario for boosting biocapacity, we 
believe that the results are valuable to the “shrink and share” of ecological overshoot9. Putting regional planning 
(i.e. Grain for Green policy) or problems to be solved into spatially-explicit framework of ecological footprint 
theory could finally help to improve our understanding of policy efficacy and regional sustainability.
Methods
Study Area. The SRB is a semi-arid to arid region, with an area of 4.16 × 104 km2 (Fig. 2), located in the tran-
sition zone of the Loess Plateau, Qinghai-Tibet Plateau and Neimenggu-Xinjiang Plateau. It is a typical moun-
tain-oasis-desert compound ecosystem and an important barrier for ecological security in China. This area has 
a typical temperate continental arid climate (annual average temperature: 7.2 °C), with the mean annual pre-
cipitation from 60 mm (the northern section) to 610 mm (the southern mountainous area) but with an annual 
average evaporation of 2600 mm–700 mm (from north to south). The SRB faces problems of higher population 
density, notable conflicts between water resource supply and demand, ongoing desertification and salinization. 
Figure 2. Study area of Shiyang River Basin. Map created using ArcMap 10.1 (http://desktop.arcgis.com/en/). 
Scientific Reports remains neutral with regard to contested jurisdictional claims in published maps.
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Considering the importance of SRB to the regional ecological security in Northwestern China, research regarding 
environment management, sustainable development and local policies on water conservation have been prior-
itized. More importantly, the management of SRB has experienced challenges from increasing ecological over-
shoot and declining biocapacity. Biocapacity of SRB in last thirty years has fluctuated around 4 × 106 gha, but the 
per capita biocapacity has declined in recent years by 36% due to the increase of population. In the meantime, per 
capita ecological footprint has drastically increased especially since 2009, with a rapidly enlarging gap between 
supply and demand of biocapacity57. This downward trend is likely to continue. In the upper reach of SRB, the 
biocapacity from 1985 to 2009 has showed a slight upward trend (but the average annual growth rate stays only 
around 0.1%) while its spatial distribution was highly scattered, together with the continuous falling of per capita 
biocapacity58. In the oasis area of the middle and lower SRB, biocapacity only increased 1.44% in the last dec-
ade (2002–2012). In particular, biocapacity in Liangzhou District (located in the middle SRB) increased only by 
0.04% and that in Minqin County (located in the lower SRB) by 3.27%59. With such faltering growth of biocapac-
ity accompanied by staggering increase of ecological overshoot in the SRB, spatial optimization of biocapacity 
becomes necessary.
Data sources. We produced the map of biologically productive land and water at 1 km × km resolution using 
Landsat-TM images. Biocapacity change is a complex process driven by multiple factors, e.g. biophysical, social 
and economic factors. Follow the following rules of data selection: availability, quantification, spatial heteroge-
neity, correlation of land use change57,60, and the analysis on primary driving forces of biocapacity change57, we 
considered the following factors to affect the spatial distribution of biocapacity: GDP density per km2, population 
density per km2, elevation (unit: m), slope (degree), aspect (degree), and distance to the nearest main road, to the 
nearest water line, and to the nearest residential area. GDP and Population data were normally interpolated to 
prospective resolution based on data provided at the level of administrative unit61. The elevation, slope and aspect 
data were accessed from the Geospatial Data Cloud (http://www.gscloud.cn), with the original 30m-resolution, 
and then transformed into the 1km-resolution.
Methods of the research. We calculated the biocapacity of SRB by the following model from Rees7 and 
Rees and Wackernagel26:
∑= × ×A Y F EQFBC
i
i i i
where i is the land category, Ai, YFi, EQFi, are the biologically productive area, the yield factor and the equivalence 
factor of the i-th land category, respectively. Details of the model have been reviewed in many studies18,27. The 
order of the absolute value of biocapacity13 for different land use in the region is cropland > forest land > grazing 
land > barren land, facilitating the comparison of the contribution of these four land use types to biocapacity. 
Following this methodology, it is clear that land use is the most important component for calculating biocapacity.
Establishing models for simulating land use dynamics is the first step to optimize biocapacity. A variety of 
models and methods for simulating land use change are available, such as the Markov chain model, CLUE and 
CLUE-S model, Cellular Automata and so on. Markov chain models often require land use data for multiple 
years and are quite complicated for spatially explicit issues62. CLUE and CLUE-S models are based the snapshot 
of one-year land use data and use the suitability to indicate the spatial transfer probability of any land use; they 
have the advantage of producing spatially and temporally dynamic simulations63. However, CLUE and CLUE-S 
models are difficult to implement the neighborhood effect of land use change. Recently, Cellular Automata, being 
a dynamic simulation framework that can implement the neighborhood effect, was developed for simulating land 
use change64. Evidently, each model has its pros and cons in implementation.
Due to the strong spatial autocorrelation of land use65 and biocapacity37, the neighborhood effect should be 
implemented in land use change simulations. Moreover, we were limited with only one-year land use data for bio-
capacity optimization. Based on the independence hypothesis between suitability and neighborhood effect66,67 and 
the model proposed by Turner66, White and Engelen68 and Barredo et al.67, we developed a probabilistic model for 
optimizing biocapacity by combining the suitability of land use from the CLUE-S model and the neighborhood 
effect of land use based on cellular automata, with the following transition probability of different land use types:
= × = …P p n
Z
k 1, 2, , 6i
k
i
k k
where Pi
k is the probability of grid i to become the k-th land use category in the future; nk represents the number 
of the k-th land use category in the neighborhood of grid i; pi
k is suitability of the k-th land use category in grid 
i (calculated from a logistic regression69); Z is the number of neighbors. Similar to the cellular automaton (CA) 
model and CA-Markov model, we consider the classical Von Neumann neighborhood and Moore neighbor-
hood49,50, representing different spatial effects from the nearest 4 and 8 neighboring cells.
We further proposed a list of constraints for the optimization of biocapacity: (i) setting the fishing area and 
built-up lands as the limited area with no transition of land use categories; (ii) the croplands cannot be changed 
from the desert; (iii) limiting the spread of forest in areas above the timberline70. We further set up four different 
scenarios for optimizing the biocapacity in SRB. First, in the maximal biocapacity (MB) scenario, we first calcu-
lated the probability Pi
k for the four land use categories in each cell and then replaced the original land use cate-
gory only if the most probable land use category had a higher biocapacity than the original one. Second, in the 
optimal biocapacity (OB) scenario, we replaced the original land use category with the most probable land use 
category. Third, we implemented the OB scenario but prohibiting the increase of croplands (the OBC scenario), 
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given the ongoing government policy on Grain for Green. Fourth, we carried out the OB scenario but do not allow 
for further increase of water demand (the OBW scenario). In each loop of the simulation, we only randomly 
chose one cell to update its attribute according to these four scenarios. All simulations were implemented in 
Matlab (MathWorks) and geographic information system (ArcGis 10.1).
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